The management of costly and limited healthcare resources, such as operating rooms, doctors, nurses, and beds, is challenged by the uncertainty of arrivals and the service time of different types of patients. Therefore, healthcare units encounter unbalanced utilization of such resources and unnecessary long patient waiting times. A system dynamics model simulating a typical medium-sized hospital, where different types of patients are served using the same limited resources, is developed to implement the Theory of Constraints philosophy. The AnyLogic environment is used for execution. The model is used to identify the system bottleneck resource, then to exploit and to subordinate the system around this resource. The number of served patients (throughput) is increased by 6% without any resource elevation. Furthermore, the model is used to determine the proper capacity needed to elevate the bottleneck resource.
Introduction
Long waiting lists for surgery result in human suffering all over the world. Proper planning of critical healthcare resources and efficient patient admission policies can result in decreasing such unnecessary human suffering by improving the performance of healthcare units and increasing their throughputs. Bhattacharjee and Ray 1 classified the tools used in improving the performance of healthcare units as analytical, simulation, and statistical or empirical. Queuing theoretic models, Markov chains, and compartmental models are among the analytical approaches used by many researchers to address healthcare challenges. 2 The analytical approaches evaluate the system performance through queuing theory analytical formulas of waiting time, congestion measures, idle time, and server utilization. Unfortunately, such approaches are less efficient in analyzing the performance of healthcare systems in moderate complexity. 3 As the level of complexity increases, simulation modeling approaches are considered more appealing to model complicated networks of facilities. 4 Simulation models used for healthcare systems are classified in continuous simulation as system dynamics (SD), Monte Carlo, discrete event simulation (DES), hybrid, and agent-based simulations. 5 DES is the most popular tool for analyzing healthcare problems. 6 Empirical models depend on observations of the system elements and experimentations on the system for analyzing the links between the performance indicators and the decision variables related to patient flows. There are very few studies that apply empirical models for figuring out patient flows. 1 SD, developed by Forrester (1958) , depends on system thinking and does not only look at events but also at patterns of behavior, since it evaluates the cause-and-effect relationship in the system. 46 Therefore, it provides a better understanding of the performance of large and complex systems, enables better insights into the relationships among the systems' components, and allows analysis of internal feedback loops and time delays, unlike DES, which focuses on objects and neglects the interacting between entities. 4, 6, 7 Consequently, using SD to resolve the complex interrelated effects of resources planning and admission policy decisions represents a solid base for elevating the throughput of healthcare units. Therefore, SD easily accommodates changing policies developed through the Theory of Constraints (TOC) comparable to DES.
The paper is organized as follows. After the literature survey in Section 2, Section 3 defines the model causal loop diagram (CLD), converts it to a stock-flow diagram (SFD), and defines the mathematical formulas of the model. The model calibration is shown in Section 4. Using the TOC, Section 5 analyzes the policies and their results. Finally, Section 6 concludes with a summary.
Literature survey
Planners of healthcare units should handle intercorrelated planning and scheduling decisions for both human resources and facilities. Due to the high setup and operation costs, scheduling of operating theaters/rooms has been deeply investigated in the literature. Several comprehensive surveys of the problem of scheduling of operating theaters are available in the literature. [8] [9] [10] [11] Human resources decisions, such as the nurse roster problem (NRP), have been addressed in many studies. Cheang et al. 12 and Burke et al. 13 introduced literature reviews of the NRP analytical models and the solutions methodologies. De Causmaecker and Vanden Berghe 14 developed a structured categorization of the NRP. 13 Awadallah et al. 15 and Rahimian et al. 16 are two examples of solving the NRP through traditional operation research and artificial intelligence methodologies.
The demand side of healthcare units is another interesting research area. Patient admission has a significant impact on the performance of healthcare units in terms of utilizing the unit resources and reducing the waiting time inside the unit and the waiting time to be admitted to the unit. The admission decision is not only how many patients should the unit accept every day, but also what type of patients should be admitted to optimize the unit performance. [17] [18] [19] [20] Due to the complexity and the intercorrelation of the admission decision with both facilities and the staffing decisions, simulation-based approaches are most common in the problem literature. Recently, Abdelghany et al. 21 developed a hybrid simulation model based on DES and agent-based simulation for modeling healthcare systems. Abedini et al. 22 presented an optimization model for minimizing blocking between every two consecutive stages by using integer programming and testing the effectiveness of the model by using a simulation technique that shows the improvement over the base model. Yahia et al. 23 developed a design and engineering method based on a simulation model to evaluate the operational performance of mixed plans and improve the operating room (OR) system. Jebali and Diabat 24 presented a two-stage chance-constrained stochastic programming model for planning the OR. They considered that the most expensive hospital resources are ORs and beds that are shared among different types of patients. Hussein et al. 25 used six sigma and DES to reduce overcrowding problems in an emergency department, increase patient throughput, and reduce patient length of stay.
Because of the uncertainties and complexities of healthcare systems, the need for systematic approaches has become very important. SD becomes accessible as a tool for investigating the effect of different policies on the behavior of any complex system, capturing all the system levels, handling all events that occur throughout the system life, improving the system feedback, and modeling the reality of healthcare system issues. Royston et al. 26 used SD in different areas to assess public health risk, to screen diseases, to manage waiting, and to plan healthcare resources. González-Busto and García 27 developed a SD model to improve the waiting list in public hospitals, to understand the effectiveness of policies in the long term, and to derive recommendations about controlling the waiting list. Lattimer et al. 28 applied a SD model to investigate scenarios of how to improve patient flows and system capacity. In their study, a qualitative SD approach was used to construct a quantitative model to investigate the system behavior. Lane and Husemann 29 discussed acute patient flows to assess the usefulness of SD in a healthcare system, to map the patient paths, and to generate different scenarios about what might speed or slow the patient flow. Recently, Yu et al. 30 constructed a SD model to investigate the influence of different policies on the number of non-seeking medical patients and the transformation of patients through hospitals or community health systems. Rashwan et al. 31 presented a SD methodology to improve the elderly patient flow throw investigating different scenarios and their effect on delayed discharged beds and patient waiting at the emergency department. Heshmat and Eltawil 32 introduced a SD model to support decisions that affect treatment planning for chemotherapy.
The need to implement a strategic tool with SD models for investigating decision variables that affect the performance of the system has become very urgent. There are many strategic tools, such as the TOC, which focus on the limiting constraints that prevent the system from achieving its goal. Based on the concept of the TOC, a system usually has a main bottleneck that limits its throughput. The goal of the TOC philosophy is to figure out this bottleneck, to exploit it, subordinate the system around it, and elevate it. 33 Motwani et al. 34 reported that systems are usually constrained by poor policy or procedural constraints rather than physical resources. The five steps of the TOC are as follows: identifying the system constraint(s); exploiting the system constraint(s); subordinating other activities in the process; elevating the system constraint(s); and making the TOC a continuous process.
This philosophy is applied in many areas of companies, production management, marketing, services, and project management as a logical tool. The TOC is applied to help in decision making, performance measurement systems, and thinking processes. 36 Sahraoui and Elarref 37 applied the five steps of the TOC to analyze a healthcare system and find better solutions to the cancellation problem of elective surgeries and state that the cyclic process of applying the TOC ensures continuous improvements. Sadat 38 proposed a SD representation of the TOC process to improve publicly funded health systems and to increase the quality and quantity of lives. Pawlak 39 implemented the TOC to support the nurse workforce shortage and to find the influence factors. Peltokorpi et al. 40 applied TOC tools, such as the Current-Reality Tree (CRT), to improve the throughput in a forensic DNA laboratory. Despite the effectiveness of the TOC, it has not been used to examine the throughput of critical resources of the OR theater.
According to this review, the need to apply SD models increases when the complexity of the system increases. To the best of our knowledge, there is no research addressing the effect of assigning a percentage of resources to be shared among different departments to improve the system performance. In general, applying a quantitative SD model with the TOC is relatively new in the healthcare sector.
The model
According to Luna-Reyes, 41 the four stages of modeling are conceptualization, formulation, testing, and feedback. SD has two distinct aspects: qualitative and quantitative. The qualitative aspect involves the creation of a causal loop or influence diagrams. To generate the quantitative SD model, the causal loop has to be converted to a SFD. 42 
Conceptualization and causal loop diagram
A CLD illustrates the way in which the system elements are linked together and how they affect each other. The aim of the CLD is to provide an understanding of the system structure and the relationships between the system variables. The elements within the diagram are the factors with the greatest effect on the system performance. 43 The identified factors are connected by arrows. The '' + '' and ''-'' signs define the direction of the influence, but not its magnitude. For better visibility of the CLD, we use a red color with negative sign influences. To develop a general model for operation rooms in a hospital, the system should be divided into its components. All systems consist of entities, attributes, resources, networks of processes, and variables. 44 Hospital entities can be modeled as patients, doctors, nurses, beds, ORs, and equipment. These entities can be thought of as resources causing a change of the system state. The system may consist of several parallel sections that may be shared with multiple departments.
Patients are categorized into two groups: elective and emergency. This model is focused on the first one. The flow of elective patients is shown in Figure 1 . Patients must register first and wait for a bed if there are no available beds. When beds are available, the patients are admitted, then prepared for the operation. The patients should wait for the OR and doctors to be available. After the operation, the patients wait for post-acute care and are not discharged before being recovered.
As shown in Figure 2 , upon arrival, patients register for surgeries based on their types and wait for admission. Loop B1 reduces the number of patients on the waiting list by admitting them into the unit, when there are available beds. Loop R1 shows patient treatment processes. The ward patients are prepared for surgery, then wait for the resources to be available. Once the resources become available, the patients proceed to their planned surgery. After the surgery, the patients are moved back to the ward for post-recovery before they are discharged from the hospital. B2, B3, and B4 model the effect of human resources availability on the unit capacity. The recourse unitization is measured in addition to the resources availability to include the effect of over-exhausting, especially with highly utilized resources such as nurses. Increasing the nurse utilization results in increasing their exhaustion, reducing their productivity, and reducing the available operation time. On the hand, doctor exhaustion is ignored in this model because it is assumed that they work on a flexible time scheme and are allowed to choose their working shifts. The model can be easily adapted to match the cases where doctors are required to work fixed long shifts by adding an exhausting loop to the doctor availability with the same structure of the nurse availability. beds, which are split into department-dedicated sections and a fully shared section; ORs, which are shared based on a pre-determined fixed time schedule; doctors, who are assigned only to their specialty and are not shared among departments.
Department-specific entities are represented as arrays with lengths equal to the number of departments and are identified with parentheses in the figure. Patients are represented as arrays to represent the department that their intended surgery belongs to.
Stock-flow diagram and mathematical formula
Based on the CLD model, the SFD is created to enable the usage of the simulation tool. The simulation-tracked indicators are patient throughput, waiting time, length of stay, doctor utilization, nurse utilization, OR utilization, and bed utilization. 31 .45 Figure 4 represents the SFD of the multi-department hospital with the shared resources shown in Figure 2 . Waiting list, ward, waiting OR, post ward, and treated patients are all represented as stocks. Registration, patient admission, patient preparing, operation rate, and recovery rate are all represented as flows. Mathematically, SD models can be defined by a set of integral equations, which represent stocks and flows. A representation of stocks and flows can be defined by the following formulas: 
where A(t) represents the auxiliary variables and p represents the system factors. Inflow and outflow differ and, as a result, the stock's dynamic disequilibrium results from the difference between the inflow and the outflow functions. The system starts with the arrival of the elective patients to the registration phase. Patient arrival is assumed to follow based on a defined distribution that can be estimated from the unit historical data. After registration, patients are added to the waiting list. WaitingList[i] at time t, where [i] is the department number, is calculated as follows:
If the number of patients in the units is less than the number of the beds, a number of patients equals to the difference are admitted from the waiting list and are assigned to the free beds in the ward:
Once a patient is assigned to his bed, he begins being prepared for the operation. The preparation time is stochastic and differs from one department to another. Ward[i](t) can be calculated by the next formula:
Accepted
where N is the number of ORs or operating beds in an operating theater. If the resources are available, patients can advance to their surgery. Similar to the preparation time, the operation time is also stochastic and differs from one department to another. OperationRate is calculated as 1/OperationTime. After completing the surgery, the patients are assigned to the post ward and stay there until they recover and are dispatched and counted as treated patients. The number of the patients at post ward PostWard[i](t) and the number of treated patients TreatedPatients[i](t) are calculated as follows:
Because doctors are appointed on a flexible hours contract, their availability is considered as stochastic and differs from one department to another. Combining their available time along with the effect of nurse exhaustion time is used to calculate the available staff time Staff[i](t):
AvailableTime[i](t) is the minimum of the assigned OR time to the department and the staff time of this department. The actual time working time and the utilization of the resources are calculated as below:
ActualTime
Average waiting for the ORs at the ward and the average waiting time list are calculated as in the following equations:
Case study
The historical data of admission, resource capacity, service rate of each type of patient, and performance measurements were obtained from Dar El-Shifa hospital in Egypt. The hospital keeps the record of each patient's data (the arrival date, the type of operation, the operation date and duration, recovery duration, and the length of stay); OR data (available time and room utilization); and doctor data (doctor availability) in separate repositories. Two months of data were obtained, including 633 patients and four departments sharing the same ORs. The four departments are general surgery, neurologist surgery, orthopedic surgery, and plastic surgery. The departments share six ORs. Each OR is available for 12 hours per day. Table 1 shows the statistical summary of the registration rate of patients in each department: mean, standard deviation, minimum, maximum, skewness, and kurtosis. Tables 2 and 3 show the statistical summary of operation duration and recovery time of each department. The operation duration is measured in minutes, while the recovery time is measured in hours. The wide range of operations of each department is aggregated into one category in order to facilitate the forecasting and planning tasks.
Due to the previously mentioned flexible hours contracts of doctors, their availability cannot be guaranteed. Similar to the majority of private hospitals in Egypt, surgeons go to the hospitals only if they are appointed to conduct a surgery. Considering their other commitments, their availability at the planned time of operation in the hospital is somewhat uncertain. Considering the availability of the records, we assumed that the total time spent by surgeons of a certain department in any single day is a proxy of their availability. Therefore, the average total daily time spent by each department's surgeons in the hospital is calculated as shown in Table 4 , along with its standard deviation, minimum, and maximum.
Model verification was carried out throughout the model's design phases. The model was tested to ensure positive flows of patients and positive capacities and to prevent negativity occurrence. Moreover, the statistical distributions shown in Table 5 of the real data for two months were used to validate the model. The distributions are established by using Minitab software. Table 6 shows that model output variables compared to the real life measured values. The comparison reveals that there is a difference between the actual measured variables and the model simulated ones. The difference was not found to be significant at the 95% confidence level.
Theory of Constraints implementation
In order to identify the system's constraints as a first step of the TOC, the utilization of the resources is calculated. Figure 5 shows that doctors are the highest utilized resources and that there is a significant waiting for admission and for the operation.
With the help of the hospital management, the evaporating cloud (EC) and the current reality tree (CRT) were developed and used to find out that doctors are appointed based on the availability of the ORs and the interrelation of the ORs and the doctors' availability, and the sharing strategy of the ORs is reconsidered. In order to exploit the system constraints and to reduce the unnecessary waiting lists as the second step of the TOC, three different policies of assigning OR time to different departments are investigated: mean operation time-based policy; patient mean arrival time-based policy; and combined policy based on both operation time and arrival time. Table 7 shows the calculation of the three different policies, j is the department number.
In order to subordinate the system about the doctors/ OR constraint as the third step of the TOC, a bed sharing policy is proposed to overcome long waiting lists. In the fourth step of the TOC to elevate the performance of the system, doctor availability is simulated through different increasing percentages. The model is adjusted to encapsulate these different strategies, OR time sharing, bed sharing, and doctor availability, increasing, as shown in Figure 6 . The adjusted model is used to simulate the above three policies during one month, 30 days in a month, one shift a day, and 12 hours a shift. Figure 7(a) shows the waiting times for admission and for operation for the three policies compared to the current policy. Both waiting OR and waiting list are measured in days. Figure 7(b) shows the resource utilization and Figure 7 (c) shows the system throughput (number of treated patients). Based on the figure, it can be concluded that the mean operation time (service)-based policy leads to 2.7% more throughput of the system while keeping the resource utilization at the same level. Surprisingly, service-only outperforms the combined condition despite the sophistication of the combined methodology, considering that the profitability/preference of different patients types is neglected. The calculation of operation time policy is based on the TOC throughput accounting, because the return per organization hour is relative only to the inverse of the consumption of the bottleneck resources.
In order to subordinate the system about the doctors/ OR constraint, we need to be sure that the beds are not occupied with patients from other departments. Usually, hospital beds are assigned for certain departments to allow effective service and follow-up. Some hospitals allow sharing beds among different departments to overcome the demand uncertainty and to improve bed utilization. Therefore, hospital management should consider trading between bed sharing to increase utilization and bed specialization to improve productivity. The sharing percentage of beds is subtracted from each department so as to be available for any patient. Sharing beds with other departments affects the preparing process and increases the duration only for the patients in the shared section. Figure 8 shows the effect of different bed sharing percentages on waiting time, utilization, and throughput. At 20% bed sharing, the exploited system reaches the maximum number of served patients. Increasing the sharing by more than 20% reduces the waiting list while increasing the operation waiting time by accepting more patients into the system than the capacity of the operation/doctor bottleneck. Taking into consideration that it is cheaper for patients to stay on the waiting list than in the ward, the 20% sharing percentage is considered the best sharing scenario. According to the TOC, a system designer may be able to achieve a substantial improvement of total system performance by increasing the constraining resources. Figure 9 shows the performance of the system by elevating the doctor capacity. Increasing the doctor capacity by 10-40% can result in a significant increase of system throughput and result in decreasing both the size of the waiting list and the time of ward waiting. Despite deciding that the optimal level of the resources elevation is outside the scope of this work because it requires cost-benefit data to analyze the capacity cost and the productivity benefits, this type of analysis may not be possible without the information driven from the presented model.
It is noteworthy that Figure 9 shows that the original setting of the model responds in a different manner to the increase of the doctor capacity than our recommended setting (R). Such variation emphasizes that healthcare system models encapsulate a high degree of complexity and interrelationships that exceeds the bounded rationality of conventional analytical models.
After presenting the information shown in Figure 9 to the hospital administration, they concluded that a 40% increase of the doctor capacity may results in an optimal cost-benefit model, based on their confidential cost and revenue calculations. Table 8 shows that the recommended setting of the hospital outperforms its current state. The recommended setting improves the system throughput and increases both the outside waiting list and the ward waiting list. 
Conclusion
Based on the TOC and SD, this study introduced a conceptual model encapsulating the nurse exhaustion factor and its effect on available time for operations to find out the constraints of a typical medium-sized hospital in Egypt, in order to clarify the conceptual method of how an operating theater system acts in the real world, to enable managers to better understand the complex behavior of the system, and to support the decision-making strategy. A simulator model is provided to validate the TOC assumptions and findings. The model shows that a 6% improvement in the system output and 30% decrease in the waiting list can be achieved without any resource elevation and, with 40% elevation in doctor availability, an increase of 13% is achieved in the system throughput along with an 88% decrease in the waiting list.
The presented model components can be easily reconfigured to model different hospital settings and different hospital sizes. The obtained result from applying the model using different settings will differ according to the new setting. The success of the TOC depends on the cyclic application of this philosophy to ensure continuous improvement and to handle the increase of uncertainty demand.
Based on the presented case study, it may be beneficial to use a hybrid strategy of shared and dedicated resources. Sharing resources impedes flexibility in the system and overcomes the demand variation, while using partial fixed resources maintains the desired productivity level.
The study showed that using SD to model the complex interrelation of different resources in healthcare systems can uncover the dynamic complexity and explain the unexpected behavior of such systems. For example, it was expected that a policy based on the combined patient arrival rate with the operation time should perform better than other policies. However, the model revealed that the dynamic effect of the post ward and the post of this policy limits the throughput. To conclude, using the TOC with SD model to unleash the throughput of hospitals and public healthcare programs is a research-worthy area to save unnecessary suffering of patients around the globe. 
